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 A B S T R A C T 
Land and forest fires in Kalimantan and Sumatra, Indonesia occurred annually 
at different magnitude and duration. Climate and sea interaction, like El Niño, 
influences the severity of dry seasons preceding the fires. However, research 
on the influence of El Niño intensity to fire regime in Kalimantan and Sumatra 
is limited. Therefore, this study aims to analyze the spatial and temporal 
patterns of the effects of El Niño intensity on land and forest fires in fire-prone 
provinces in Indonesia. Here, we applied the empirical orthogonal function 
analysis based on singular value decomposition to determine the dominant 
patterns of hotspots and rainfall data that evolve spatially and temporally. For 
analysis, the study required the following data: fire hotspots, dry-spell, and 
rainfall for period 2001-2019. This study revealed that El Niño intensity had a 
different impacts for each province. Generally, El Niño will influence the 
severity of forest fire events in Indonesia. However, we found that the impact 
of El Niño intensity varied for Kalimantan, South Sumatra, and Riau Province. 
Kalimantan was the most sensitive province to the El Niño event. The duration 
and number of hotspots in Kalimantan increased significantly even in 
moderate El Niño event. This was different for South Sumatra, where the 
duration and number of hotspots only increased significantly when a strong 
El Niño event occurred.  
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INTRODUCTION 
Land and forest fires in Indonesia occur annually 
especially in dry season. The fires happen with different 
scale and duration. Many factors influence fire occur-
rence in Indonesia associated with climate phenome-
non (Albar et al., 2018; Ma et al., 2020). One of the 
regional phenomena that affect climate in Indonesia is 
El Niño-Southern Oscillation (ENSO). ENSO relates to 
the pattern of sea water temperature in the central and 
eastern tropical Pacific Ocean (Cai et al., 2018; 
Capotondi et al., 2020). Two extreme phases of ENSO 
cycle are El Niño and La Niña. In Indonesia, El Niño 
associated with prolong dry season (Hidayati and 
Chrisendo, 2010; Supari et al., 2018; Wahab et al., 2009), 
whereas La Niña relate to high rainfall (Hidayat et al., 
2018). Prolonged dry season triggered by El Niño has 
caused severe impacts on agriculture (Mulyaqin, 2020; 
Nóia Júnior and Sentelhas, 2019; Surmaini et al., 2018), 
water resource (Taufik, 2010), and environment 
(Chapman et al., 2020). The most pronounce impacts is 
land and forest fires that causing severe peat land 
degradation (Sze and Lee, 2019) and health related 
issues (Demissie and Mengisitie, 2017) such as in 1997 
and 2015 fires.  
In addition to ENSO, rainfall in Indonesia is influ-
enced by dynamics of sea surface temperature in Indian 
Ocean called as Indian Ocean Dipole (IOD). When posi-
tive IOD coincides with El Niño event, rainfall in Indone-
sia substantially decreases comparing to that of the po-
sitive IOD event only or El Niño event. Otherwise, when 
negative IOD and La Niña occur, Indonesia’s rainfall in-
creases more significantly than a single negative IOD or 
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La Niña event (Nur’utami and Hidayat, 2016). This phe-
nomenon occurred in 1997, when a strong El Niño coin-
cided a strong positive IOD had caused a severely de-
clined rainfall in most Indonesia (Avia and Sofiati, 2018; 
Fanin and Werf, 2017). Similar events were recorded in 
2006 and 2007. 
The El Niño event worsen impacts of dry season 
such as triggering huge fire in the 2015 (Stiegler et al., 
2019).The total loss that resulting from fires in period 
2015-2019 is the total burned land and forest of more 
than 5.3 million km2 (KLHK, 2020). Based on these 
disadvantages, the research about El Niño impact on 
forest fire in Indonesia is needed. In the last 20 years, 
there are several areas in Indonesia that vulnerable to 
forest fire, namely: Kalimantan, South Sumatra, and 
Riau (Albar et al., 2016; Septiawan et al., 2019). This 
research aims to characterize the compounding im-
pacts of El Niño strength and dry-spell on land and 
forest fires spatially and temporally.  By characterizing 
their impacts, we may identify the pattern of fire regime 
based on El Niño strength in the most fire prone 
regions in Indonesia namely Kalimantan, South 
Sumatra, and Riau. Our approach proposes to analyze 
the compounding impact of El Niño strength and dry-
spell. The outputs of the research will improve 
understanding of fires event in the regions. To study a 
fire regime, several characteristics of fire are applied 
including the area burned, carbon emissions, and 
hotspots. Here we only depend on the number of 
hotspots as indicator of land and forest fire.  
RESEARCH METHODS 
Data 
This study used the number of hotspots, dry-
spell, and rainfall for the period 2001-2019. The study 
area was in three provinces namely Kalimantan (7°N - 
4.5°S, 108°E - 119°E), South Sumatra (1.5°S - 6°S, 100°E 
- 107°E), and Riau (6°N - 1.5°S, 95°E - 104°E). The 
hotspot data was obtained from the National Institute 
of Aeronautics and Space of Indonesia (LAPAN) that 
was derived from the Moderate Resolution Imaging 
Spectroradiometer (MODIS) sensors of the Terra and 
Aqua Satellites with spatial resolution of 0.25o x 0.25o. 
We only used the hotspot data, which has a confidence 
level >80% according to standard data of forest fire 
indicator as suggested by Ardiansyah et al. (2017).  
The dry-spell data used was converted rainfall 
data, which was based on a satellite-derived product of 
The Space-based Weather and Climate Extremes 
Monitoring Demonstration Project (SEMDP) in East Asia 
and western Pacific. We employed daily rainfall based 
on Climate Prediction Center Morphing Technique 
(CMORPH) to obtain rainfall data on monthly basis. The 
monthly data were used for Standardize Precipitation 
Index (SPI) calculation. The CMORPH data used in this 
study has been calibrated with the observed data based 
on the TRMM Multi-satellite Precipitation Analysis 
(TMPA 3B42) called as CMORPH satellite–gauge 
merged product (CMORPH BLD).  
Previous researches suggested that the use of 
CMORPH BLD will improve the performance of 
hydrological model (Sun et al., 2016), and resulted a 
consistent output comparing with the observed rainfall 
when it used for SPI analysis (Lu et al., 2018). Therefore, 
the use of satellite rainfall data may produce a reliable 
estimate of drought event. Also, CMORPH BLD was 
outperformed than that of other CMORPH products 
when it applied to humid climate (Lu et al., 2018).   
We applied threshold of 1 mm day-1 to convert 
the rainfall data to dry-spell. If the daily rainfall is less 
than 1 mm, the respective day will be count as dry-spell. 
Then we only focused locations where there were fire 
activities based on hotspot data in Kalimantan, South 
Sumatra, and Riau. For ENSO we used data Niño 3.4, 
which is available online (https://ggweather.com/). 
Other regional sea-atmospheric interaction from Indian 
Ocean (http://www.bom.gov.au/climate/iod/) also was 
used to see the influence of regional phenomena on 
drought related fire events in three provinces. All data 
analysis was performed in Matlab r2017a. Figure 1 
showed the Niño 3.4 index and IOD index. 
Empirical orthogonal function method based on 
singular value decomposition  
Satellite rainfall data from CMORPH is typically 
matrix data, which has large dimensions, therefore, an 
appropriate method is needed to analyze the data. One 
approach that often used to reduce the dimensions of 
matrix data is the Empirical Orthogonal Function (EOF) 
method based on Singular Value Decomposition (SVD). 
EOF method is used to determine the dominant 
patterns of data that evolve spatially and temporally. 
Output from EOF method is a linear combination 
related to spatial and temporal dimension. With EOF, 
spatial and temporal interaction were minimized. The 
EOF method based on SVD is so powerful than other 
correlation method that commonly used in climate 
research (Zhang et al., 2018).  
Analytically, SVD is a matrix decomposition using 
a singular value as the main factor. Suppose that the 
matrix A ∈ Rmxn with rank r, there is an orthogonal 
matrix Um×m, Vn×n, and a diagonal matrix Dr×r = diag 
(σ1, σ2, ..., σr), which is shown in Equation 1: 





𝑉T  (1) 
where σ 1 ≥ σ 2 ≥ ⋯ ≥ σ r > 0, σi is singular value from 
matrix A and r is number of singular values that 
obtained from the decomposition.
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Figure 1. Time series of regional sea-atmospheric interaction: (a) Niño 3.4 index and (b) IOD index for period 
2001-2009. 
When r < p = min{m, n}, A have p – r in addition to the 
singular zero value. Factorization in Equation 1 is the 
SVD of the matrix A. The columns in U and V represent 
left singular vector and right singular vector of A, 
respectively (Sun et al., 2018).  
For this research, hotspot data will be 
represented as A and dry-spell data will be represented 
as B. For data matrix A and B that have same temporal 
range, both are processed by reducing the data with 
the average of each variable. Therefore, the median of 
each variable from matrix A and B is zero. Then a cross-
corrective matrix will be formed (Equation 2). 
C = AT B  (2) 
Then, SVD is used to reduce the cross-corrective matrix 
C to be U, L, and V matrix (Equation 3). SVD method 
based on cross-corrective matrix will produce better 
correlation than other SVD analysis. The decomposed 
matrix based on SVD is the result of multiplication from 
both matrix data. 
C = ULV T  (3) 
A singular vector A is columns in U, whereas 
singular vector B is columns in V. Each pair of singular 
vectors is a mode of co-variability between A and B 
data. Therefore, each column in U and V matrix is 
spatial pattern of each data. Then, to describe how each 
mode variability is oscillated spatially and temporally, a 
new term called as an expansion coefficient is 
introduced. The expansion coefficient for data A is 
calculated by multiplication the data A with its singular 
vector, U, therefore F = AU. Also, the expansion 
coefficient for data B is calculated by multiplication the 
data B with its singular vector, V therefore G = BV. To 
choose the mode for analysis, we need to calculate the 
squared covariance fraction (SCF). We calculated SCF 





2⁄   (4) 
where 𝑙𝑖
2 is a square of singular value and ∑𝑙𝑖
2 is a total 
square of singular value. Mode with highest SCF value 
will be used to subsequent analysis spatially and 
temporally (Björnsson and Venegas, 1997). 
Identification Strength of El Niño Phenomenon 
El Niño index is derived from the average sea 
surface temperature anomaly in the Niño 3.4 region 
(170o-120o BB, 5oLU-5oLS). There are five categories of 
El Niño based on its strength, namely year (i) normal (-
0.5-0.5), (ii) weak (0.5-1), (iii) moderate (1-1.5), (iv) 
strong (1.5-2), and (v) very strong (>2). Then we 
analyzed and discussed the result of the research based 
on this category. We identified ENSO condition for 
2001-2019, which showed that all ENSO categories 
were reported. Period of 2001, 2003, 2013, and 2014 
were categorized as a normal year. Weak El Niño 
category occurred in 2004, 2006, 2018, and 2019 
periods. The category of moderate El Niño was 
happened in 2002 and 2009, while very strong El Niño 
in 2015.  
RESULTS AND DISCUSSIONS 
The results showed that the output of mode 
based on EOF method gave various squared covariance 
fraction (SCF) values.  Based on analysis, the mode 1 
had the highest SCF value i.e. 85%. On other hand, 
others modes gave lower SCF value compared to the 
mode 1. Therefore, the analysis only focused to the 
output of mode 1, and other results from other modes 
were neglected. The result will be divided based on the 
location that have hotspots annually from 2001 until 
2019, which is Kalimantan, South Sumatra and Riau 
(Septiawan et al., 2019). Since there are 2 drought 
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seasons in Riau, the analysis will be split to 1st drought 
of Riau and 2ndd of Riau. 
Kalimantan 
Kalimantan is one of the endemic locations that 
annually have many hotspots occurred in last 20 years, 
especially in the south part of Kalimantan. Moreover, 
when El Niño become stronger, the drought season in 
Kalimantan become longer. Therefore, it can lead to 
produce more hotspots than the normal condition. The 
temporal pattern of Kalimantan from variable of 
hotspots and dry-spell will be showed on Figure 2. As a 
note, the decomposition of those 2 variables done 
separately for every El Niño categories. Also, some year 
was removed from the analysis due to long rainy 
season caused of La Nina. For the spatial pattern, the 
spatial pattern that shows was only from the moderate 
season. The spatial pattern was almost similar for all 
analysis, the difference only occurred in the severity of 
the location due to different strength of El Niño 
phenomenon. 
Figure 2 shows that the highest number of 
hotspots in 1 month occurred in 2019 with more than 
12000 hotspots, but the highest number of hotspots in 
1 drought season occurred in 2015 with more than 
20,000 hotspots. For the normal year, the number of the 
hotspots was less than 5000 hotspots in 1 drought 
season. Moreover, 2001 and 2013 have much less 
hotspots than 2003 and 2012 event. This fact can be 
explained by looking the El Niño index in Figure 1. 
Although 2001 and 2013 were categories as normal 
year, the El Niño index was less than 0 (negative), which 
indicates that both years have more rain in each year 
compared to 2003 and 2012. 
For weak El Niño event, the result was diverse 
from each year. The highest one was in 2019 event 
where there were more than 12,000 hotspots in 1 
month. The second highest one was in 2006 event with 
more than 10,000 hotspots in 1 month. Both of those 
year was the year of positive IOD. When a El Niño and 
positive IOD are concurrently occurred, Indonesia is 
more significantly decreased than in the single El Niño 
event (Qalbi et al., 2017). Moreover, IOD occurred 2019 
that reached the level of the strongest events occurred 
in 1994 and 1997 and caused disasters in countries 
around the Indian Ocean (Doi et al., 2020).  For 2018, 
the lower hotspots was associated with government 
effort to prevent forest fires in order to succeed SEA 
GAMES 2018 in Palembang (Ruiz and Putraditama, 
2019). 
The result for moderate El Niño event in 
Kalimantan was similar for both years with around 
10,000 hotspots in 1 drought season. If we exclude the 
2006 and 2019 event from weak El Niño that has 
positive IOD, the number of hotspots that occurred in 
1 drought season was twice as much as the weak El 
Niño years. The number of hotspots in 1 month in very 
strong El Niño event that occurred in 2015 didn’t have 
much different compared to moderate El Niño. 
However, there was 2 month that have more than 
10,000 hotspots in each month. Therefore, the number 
of total hotspots in 1 drought season nearly double the 
moderate El Niño year. The results obtained are similar 
to Yananto and Dewi (2016) study where the number of 
hotspots continues to increase from July to October in 
both regions. In November 2015, the number of 
hotspots had decreased drastically in line with the 
increase amount of rainfall (Yananto and Dewi 2016). 
South Sumatra 
Figure 3 shows that the highest number of hot-
spots in 1 month occurred in 2015, which is very strong
 
Figure 2. Spatial distribution of severity level and temporal pattern of hotspots (top) and spatial distribution of 
severity level and temporal pattern of dry-spell (bottom) in Kalimantan. 
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El Niño years with more than 10,000 hotspots. A 
comparison with the 1997 El Niño event shows that the 
time evolution of the two events appears to be similar. 
However, the intensity of the impact was lower during 
the 2015 El Niño as reflected in the fewer stations with 
dry and very dry conditions (Supari et al., 2018). Apart 
from the very strong El Niño years, the number of 
hotspots in South Sumatra was quite similar from each 
other, except years with positive IOD event. Even the 
moderate years, has less hotspots than 2004 and 2014 
which is weak El Niño year. The number of hotspots in 
1 month was less than 2,500 hotspots. As the previous 
analysis, hotspots in 2018 was also associated with 
government effort to prevent forest fires in order to 
succeed SEA GAMES 2018 event in Palembang (Ruiz 
and Putraditama, 2019). 
This result indicates that El Niño phenomenon 
didn’t have big impact for hotspots in South Sumatra, 
except for very strong El Niño. However, El Niño have 
quite impact to the dry-spell variable. El Niño 
constantly give longer dry season to south Sumatra. It 
can be seen by the width of drought season in each 
year. One of the reasons that reduced the impact of El 
Niño in Sumatra is the length of drought season that 
slightly shorter than Kalimantan. Compared to 
Kalimantan, large number of hotspots only occurred in 
August and September, instead of August until 
October(Yulianti, 2013). The number of hotspots in 
October was decreased due to the increase of rainfall 
caused by monsoonal season in South Sumatra.  
Positive IOD was defined when the mean of sea 
surface temperature (SST) in the West IOD region (10°N 
- 10°S, 50°E - 70°E) was warmer than the mean SST in 
the East IOD region (0°- 10°S, 90°E - 110°E) (Arora and 
Dash, 2019). Meanwhile, spatial pattern in Figure 3 
shows that the area that used is at East IOD region. 
Therefore, IOD should have more impact in South 
Sumatra than in Kalimantan. It can be seen by 2019 
graphics that shows nearly twice as much as hotspots 
in 2006, although the number of hotspots not as much 
as in Kalimantan. It can be caused by the hotspot area 
of South Sumatra less than in Kalimantan. Another 
reason is the upcoming rainy monsoonal season that 
also reduced the El Niño impact in South Sumatra. 
1st Drought season of Riau 
The 1st drought season of Riau was happened in 
January until March. The temporal plot in Figure 4 
shows the monthly event that happened in January 
until April. Figure 5 shows that number of hotspots in 1 
month that occurred in 1st drought of Riau didn’t 
exceed 2,000 hotspots, except in 2014. That result 
indicated that El Niño didn’t have any big impact in 1st 
drought season of Riau, so is the IOD. Positive IOD 
didn’t have any clear impact in this analysis. This can be 
seen in Figure 4 where the number of hotspots in 2006 
more than hotspots in 2019, even though 2019 IOD was 
stronger than 2006 IOD. Both of this result corresponds 
to the difference in time of occurrence between El Niño 
and IOD with the drought season. Meanwhile, the 
anomaly of hotspots in 1st drought season in Riau 
happened in 2014 with more than 10,000 hotspots in 1 
drought season. 
Anomaly of drought season in 2014 was caused 
by the cold phenomenon and the contraction of the 
Intertropical Convergence Zone (ICTZ) to the south 
(McBride et al., 2015) which resulted in drought in the 
Riau region and large fires that year. This event was 
characterized by having 3 months of high dry-spell 
from February to March with more than 25 days of dry-
spell in each month. The southward contraction of the 
ITCZ is the extreme value in the recent time series. The 
mechanism causing the narrowing of the ITCZ is not 
known (McBride et al., 2015). 
 
Figure 3. Spatial distribution of severity level and temporal pattern of hotspots (top) and spatial distribution of 
severity level and temporal pattern of dry-spell (bottom) in South Sumatra during normal year. 
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Figure 4. Spatial distribution of severity level and temporal pattern of hotspots (top) and spatial distribution of 
severity level and temporal pattern of dry-spell (bottom) in the first drought season in Riau. 
The Madden-Julian Oscillation (MJO) also plays a 
role in the dry season from January to March 2014. MJO 
is the dominant component of the intra seasonal 
variability in the tropical atmosphere. MJO typically 
characterized by eastward‐traveling circulation cells 
moving along the equatorial plane, observed mainly 
over the Indian Ocean and the western Pacific Ocean 
(Eguchi et al., 2015). The dry MJO phase with dry Feb-
ruary is quite high, but there are several years of the dry 
MJO phase which experience normal rainfall. Moreover, 
the percentage of dry phase days in 2014 is not an ex-
treme value. Thus, we argue that while playing a major 
role, the MJO event is not a major contributing factor 
to the very low rainfall event (McBride et al., 2015). 
2nd Drought of Riau 
The 2nd drought season in Riau was caused by 
monsoonal season event. This drought season 
happened in June until late August. In this period, the 
phenomenon of ENSO and IOD also began to occur, so 
the analysis in this drought season was carried out from 
May until October. Compared to the first one, the 2nd 
drought season in Riau also has a similar duration. 
Figure 5 shows that almost every year have a similar 
number of hotspots with less than 2,000 hotspots in a 
month. In the 2019 event, the number of hotspots was 
affected by strong positive IOD that happened. 
Although the number of hotspots in August 2019 was 
more than 2,000 hotspots in a month, the number of   
 
Figure 5. Spatial distribution of severity level and temporal pattern of hotspots (top) and spatial distribution of 
severity level and temporal pattern of dry-spell (bottom) in the second drought season in Riau during 
normal year. 
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hotspots in October 2019 was drastically reduced by 
the monsoonal rainy season. 
Figure 5 shows that in 2015, the number of 
hotspots was more than 1,000 hotspots in each month 
from July to October with the total number of hotspots 
was more than 5,000 hotspots. From this result, we 
suggest that very strong El Niño event has a slight 
impact on drought season and to the number of 
hotspots in the 2nd drought season in Riau. Compared 
to the others, the impact was smaller in this region 
because of monsoonal rainy season that arrived during 
late October to early November. 
The highest number of hotspots in 2nd drought 
season in Riau happened in 2013 with almost 6,000 
hotspots in June 2013. The number of hotspots peaked 
in June when the lowest rainfall observed during the 
year was equal to 56.08 mm. The amount of rainfall was 
far below normal (of 30 years average) which is 145.06 
mm. On April and May (the period before the peak fire), 
a deficit of rainfall also arrived which allowing the 
accumulation of dry-spell and causing a large number 
of hotspots occurred in June (Kusumaningtyas and 
Aldrian, 2016).   
Figure 6 shows the comparison of every fire 
season event in all regions during the years that had 
been analyzed before. Figure 6 shows that El Niño 
event influenced the lengthen of drought season in 
Kalimantan and South Sumatra. This can be identified 
by examining the right side of the circle/box 
representing each fire event as the El Niño index 
increases. Also, positive IOD (IOD index > 0.4) 
contributed the same impact on both regions. This can 
be identified by examining the event that happened in 
the same categories of El Niño, the positive IOD event 
was on the right side of the normal IOD event. The 
positive IOD has a bigger impact on prolonging the 
length of drought season in South Sumatra and can be 
identified by examining the square with almost 110 
dry-spells. Kalimantan and South Sumatra have a 
similar number of dry-spells which is 65-110 days in 1 
drought season.  
Different from Kalimantan and South Sumatra, 
both El Niño and IOD didn’t have a quite clear impact 
on the length of drought season in both drought 
season of Riau. It can be identified by examining the 
number of dry-spells that always around 45-70 days for 
all categories of El Niño and IOD. The anomalies in 1st 
drought in Riau only appeared that indicates the 2014 
event with 83 days of dry-spells. In the 2nd drought 
season, hotspot anomalies occurred in June 2013 and 
2015 with the number of dry-spells respectively 57 and 
69 days. Even though the number of hotspots is higher 
than the other event, the number of dry-spells is quite 
similar in 2nd drought season of Riau.  
 
Figure 6. Summary of events for each fire season in all regions and years analyzed. 
CONCLUSIONS 
In general, El Niño affects the phenomenon of 
forest fires in Indonesia. However, the impact of El Niño 
differs for each fire-prone regimes in Indonesia, 
namely: Kalimantan, South Sumatra, and Riau. The 
greatest impact occurred in the Kalimantan region. The 
duration and number of hotspots in the Kalimantan 
region will be high when a moderate (or stronger) El 
Niño phenomenon occurs. This is different from the 
South Sumatra region where the number of hotspots 
only increases rapidly when very strong El Niño 
occurred. So, we can conclude that Kalimantan was 
more sensitive for the El Niño phenomenon than South 
Sumatra. As a result, the government needs to increase 
preparedness in dealing with moderate (stronger) El 
Niño or weak El Niño that occurs together with the 
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positive IOD phenomenon to anticipate a high number 
of hotspots in Kalimantan. 
The results of this research in the Riau region 
indicate that the magnitude of the number of hotspots 
in the Riau region is not influenced by the El Niño 
phenomenon. This is also supported by the fact that the 
number of hotspots does not experience an increase in 
moderate and strong El Niño years. Therefore, to be 
able to find out the causes of forest fires in the Riau 
region, it is necessary to conduct research that is more 
focused on the phenomenon of fires that occur every 
year in the Riau region. 
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